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Wivenhoe DamEstimates of potential changes to ﬂood risk due to climate change can be of great value but
are difﬁcult to estimate for various reasons including uncertain rainfall projections and
problems associated with transforming model rainfall values into runoff and inﬂows at rel-
evant catchment scales. Here we attempt to estimate changes to ﬂood risk for the Brisbane
River region of south-east Queensland which has a long history of serious ﬂood events but
which now beneﬁts from the mitigating effect of the upstreamWivenhoe Dam. In this spe-
ciﬁc case study, the existence of good quality long-term records of rainfall, a relatively large
number of climate model projections and the fact that the storage levels within the dam
can be reasonably simulated as a function of annual rainfall totals provides a basis for esti-
mating possible changes to ﬂood risk. Changes to the risk of more serious ﬂoods is assumed
to depend on changes to either the magnitude or frequency of extreme rainfall events com-
bined with changes to the amount of water actually stored in the dam. An increase in
extreme rainfall events could be offset by lower annual rainfall totals that effectively
increase the mitigation capacity of the Dam. We analyse the results from climate models
which simulate the effect of increased greenhouse gas emissions and note that they tend
to favour an increase in the former and a decrease in the latter. As a consequence, the
model results indicate a range of possible outcomes with no clear tendency one way or
another. This outcome reﬂects the fundamental nature of the climate model results for
rainfall for this region and will, most likely, dominate all attempts to reduce uncertainty.
 2014 Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).Introduction
Information about potential changes to ﬂood risk is valuable to a range of decision makers confronted with mitigation
and/or adaptation options. At the catchment scale, it is crucial to dam managers who may be responsible for conserving
water resources while mitigating the effects of heavy rainfall events. At the metropolitan scale, information about ﬂood risks
is crucial to local planners who must consider the vulnerability of increased population and assets located in ﬂood-prone
areas (Dumas et al., 2013). It also is obviously important to the insurance industry, which is why large the world’s largest
reinsurance company pays close attention to the statistics of global weather-related disasters and the results from climate
models (Munich Re, 2013).
Estimating potential changes to ﬂood risk can be achieved by combining the evidence for recent trends in extreme
weather events with the projections of climate models (Huber and Gulledge, 2011). While increases in heavy precipitation
I. Smith, C. McAlpine / Climate Risk Management 6 (2014) 6–17 7events have been observed over recent decades for some regions (Karl et al., 2009) this is not the case generally. The present-
day consensus is that ‘‘there are likely more land regions where the number of heavy precipitation events has increased than
where it has decreased’’ (IPCC, 2013). For Australia, there is evidence (Alexander and Arblaster, 2009) for longer dry spells
but more intense heavy rainfall events. However, a report by the Bureau of Meteorology concluded that it was not possible
to be deﬁnite about detecting increases in the frequency of extreme precipitation events (Jakob et al., 2009).
While signiﬁcant trends may or may not always be apparent, both theory and climate modelling experiments suggest that
extreme rainfall events are likely to become more frequent in response to increases in greenhouse gas concentrations (Bates
et al., 2008; Min et al., 2011). The consensus is that ‘‘Extreme precipitation events over most of the mid-latitude land masses and
over wet tropical regions will very likely become more intense and more frequent by the end of this century, as global mean surface
temperature increases’’ (IPCC, 2013). For Australia, analyses of climate model projections indicate relatively robust signals for
both increased and decreased ﬂood risk over many regions including an increased risk for 1-in-100-year ﬂood events for
much of south-east Australia (Hirabayashi et al., 2008).
Studies dealing speciﬁcally with ﬂood projections include Hirabayashi et al. (2008) (global river basins), Wobus et al.
(2013) (United States), Dumas et al. (2013) (France), Lawrence et al. (2013) (New Zealand), Hochrainer-Stigler et al.
(2013) (Hungary) and Prudholme and Davies (2009) (United Kingdom) but all face a number of challenges. First, observa-
tions can be sparse, making it difﬁcult to apply statistical methods. Secondly, signiﬁcant uncertainties can arise due to a wide
range of climate model projections at regional scales (Prudholme and Davies, 2009). This range typically reﬂects the uncer-
tainties associated with different emissions scenarios, and the individual model sensitivities. Thirdly, there are additional
uncertainties associated with downscaling techniques that are used to transform the model outputs into usable information
at smaller (i.e. catchment) scales (Lawrence et al., 2013). Finally, the hydrological models that are used to transform rainfall
estimates into ﬂow estimates are imperfect, and therefore increase the level of uncertainty. In a study of potential impacts
for France it was concluded that it was impossible to provide a reliable projection of ﬂood losses (Dumas et al., 2013) and, as
noted in a recent United Kingdom Government report, ‘‘. . .projections of extreme rainfall and future ﬂooding are one of the most
challenging areas of climate change science and the spread of possible outcomes is large’’ (DEFRA, 2012).Fig. 1. The south-east Queensland study area and the locations of Brisbane and the Wivenhoe Dam.
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also take into account the presence of any major dams. In the case of the Brisbane, located in south-east Queensland (Fig. 1)
theWivenhoe Damwas built in the early 1980s in response to devastating ﬂoods along the Brisbane River in 1974 and serves
the twin aims of providing water storage and ﬂood mitigation. Future ﬂood risk downstream of the Dammay depend on two
potentially competing factors: (a) the possibility for more frequent and intense daily rainfall events (Hirabayashi et al., 2008;
Smith et al., 2013) and (b) the possibility that changes to annual average rainfall (van den Honert and McAneney, 2011) may
affect the average amount of water held in the Dam and therefore its mitigation capacity. Speciﬁcally, if annual average rain-
fall decreases/increases, this implies (on average) less/more water held in storage and therefore (on average) an increased/
decreased capacity to buffer extreme rainfall events. In this study we attempt to estimate the relative magnitudes of these
factors making use of the results from climate model simulations. Speciﬁcally, we construct a model for the Wivenhoe Dam
which is used to estimate the effect of projected changes in annual rainfall on water storage levels. Secondly, the statistics of
these projected changes are combined with the statistics for projected changes to extreme rainfall events to estimate the
changes in risk of ﬂooding along the Brisbane River.
Material and methods
The methodology is summarized in Fig. 2 and is possible to implement in this speciﬁc case because of (a) the existence of
good quality long-term records of rainfall, ﬂood events and water storage levels, (b) the availability of rainfall projections at
both the 24-h and annual time scales, and (c) the fact that water storage levels within the Wivenhoe Dam can be reasonably
estimated as a function of large scale annual rainfall totals.
Case study details
South-east Queensland has a sub-tropical climate with rainfall inﬂuenced by tropical systems such as cyclones, east coast
lows, monsoonal depressions, and extra-tropical systems such as fronts and troughs. The seasonal cycle is characterized by a
maximum in rainfall over the summer months (DJF) and a minimum during winter (JJA). El Niño Southern Oscillation (ENSO)
events dominate interannual variability, being associated with below/above average rainfall during warm/cool events.
Flood records for Brisbane, the region’s largest city (population 2.19 million, June 2012), extend back to the 1840s and
indicate that the city has a long history of ﬂooding (http://www.bom.gov.au/qld/ﬂood/ﬂd_history/brisbane_history.shtml).
The four most serious events since 1900 include the 1908, 1931, 1974 and 2011 events with the most serious occurring
on January 26 1974 when the Brisbane River broke its banks near the city centre causing widespread damage and affecting
at least 8000 properties. The more recent January 2011 event also caused widespread property damage, loss of life and insur-
ance payouts estimated to be in excess of $2.5 billion (van den Honert and McAneney, 2011). The Wivenhoe Dam (hereafter
referred to as the Dam), located on the Brisbane River approximately 80 km upstream from the city (Fig. 1), was primarily
built in response to the 1974 event and was completed in 1984. However, during the 2011 event large inﬂows to the Dam led
to the opening of the ﬂoodgates in order to avoid overtopping and structural damage. While these forced releases contrib-
uted to downstream ﬂood damage, the Dam did provide a mitigating effect since the 2011 event has been estimated to have
been wetter than the 1974 event (Urich et al., 2011) but the Brisbane River peak of 4.46 meters was one metre lower than the
5.45 meters experienced in 1974.
At full supply level the Dam holds 1.15 million megalitres but, during a ﬂood situation, it is designed to hold back almost
as much again. Under its rules of operation, excess water must be released from the dam within seven days of it reaching
100% capacity. Fig. 3 shows the recent history of total water levels, where levels above 100% indicate that water is beingFig. 2. A ﬂow diagram summarizing the materials and methods used in this study.
Fig. 3. The recent history of Wivenhoe Dam water storage levels (source:http://www.seqwater.com.au/).
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when only minor ﬂooding occurred in Brisbane. During February 1999 the level spiked, reaching 135% of full capacity while
on January11, 2011 the level peaked at a record 191%. As already noted, the ﬂoodgates had to be opened at this point in order
to prevent the water levels overtopping the dam and risking structural failure. More recently, levels peaked above 100% dur-
ing January and February 2013.
Modelling water storages
Difﬁculties associated with simulating the behaviour of a water storage system such as the Wivenhoe Dam include the
fact that inﬂows are a function of the detailed spatial and temporal distribution of rainfall throughout the catchment zones,
the physical characteristics of the catchment zones (including soils and vegetation), the effect of antecedent soil moisture
conditions, evaporation, and interactions with ground water. Added difﬁculties are posed by the fact that climate model
results for rainfall, evaporation, soil moisture, runoff etc. are very different at the spatial and temporal scales required to pre-
cisely estimate inﬂows within the catchment zones. Another major difﬁculty is the fact that many water storage systems are
managed, and the rules which govern the releases of water (and therefore the water levels) can be complex. Here we con-
struct a simple model which relates the change in storage level from one year to the next as a simple linear function of
annual rainfall.
Based on the history of Wivenhoe Dam water storage levels (Fig. 2), the water year can be deﬁned as beginning on Sep-
tember 1 and ending on August 30 of the following year. An annual storage value can also be deﬁned as the value on August
30 expressed as a percentage of full supply level. Large scale average rainfall totals for each water year have been extracted
for the box region representing SEQ deﬁned by the latitudes and longitudes 29S to 23S and 148E to 153E (Fig. 1). Fig. 4
shows a scatter plot of the observed change in annual water levels as a function of annual rainfall for the each year 1990
(minus 1989) to 2012 (minus 2011). The data point for 2011 is highlighted as an extremely wet year dominated by signif-
icant releases in January 2011. This illustrates an unusual event when the actual changes in storage levels can be dominated
by water management decisions, independent of inﬂows and rainfall. This may also be true during prolonged drought con-
ditions when the Dam may be low and the need to conserve existing water supplies becomes an issue. Despite these con-
founding factors, Fig. 4 indicates that, over the long term, an approximate relationship exists between changes to the water
levels and rainfall. If we ignore the 2011 data point, the correlation coefﬁcient associated with the line of best ﬁt (r = +0.74) is
highly signiﬁcant (i.e. p < .01), and indicates that, as an approximation, variations in annual rainfall can explain about 56% of
the observed variance in dam levels.
Evaporation (and, by implication, temperature) may also be important since this will affect runoff from the catchment
zones. The percentage change in runoff for different catchment river basins across Australia, as a linear function of the per-
centage change in both rainfall and potential evapotranspiration, has been previously estimated (Preston and Jones,
2008a,b). The coefﬁcients expressing this relationship (a for rainfall and b for evapotranspiration) were estimated using
detailed hydrological models but it was noted that changes in runoff were up to 3.5 times more sensitive to changes in
rainfall than changes in evapotranspiration. This is also clearly the case for the south-east Queensland region where a
was estimated to be about +3.0 and b was estimated to be about 0.7. This suggests that evaporation (and temperature)
may be second-order effects for present purposes.
Other studies have proposed that warmer temperatures may have contributed to the anomalously dry conditions expe-
rienced in the Murray Darling Basin region of eastern Australia during the prolonged drought of 1996 to 2010 (Nicholls,
2004; Cai et al., 2009) but this proposition has been disputed (Lockart et al., 2009). A recent study (Smith and Power,
2014) also found little evidence that local temperatures had any signiﬁcant effect on inﬂows into the major dams of
south-west Western Australia. Finally, there are also issues surrounding the use of climate model estimates of evaporation
– particularly when attempting to estimate regional (or catchment) scale values from large-scale grid point averages. In this
Fig. 4. Observed changes in Wivenhoe Dam water storage levels versus observed SEQ annual (September to August) rainfall totals 1990–2012. The line of
best ﬁt refers to the data points excluding the unusual 2011 event (indicated in red).
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interannual variability over the 20th century (Smith et al., 2013). This is possible because of the existence of good quality
direct long-term observations – something that is not available for evaporation. As a consequence, there are both physical
and practical reasons for not attempting to incorporate the effect of evaporation changes on storage levels within the current
simple model.
Other factors which can contribute to the remaining variance (about 44%) of observed changes in storage levels, but
which are also judged impractical to incorporate here, include the distribution, intensity and duration of rainfall events
throughout the year, short term changes in the physical characteristics of the catchment regions (e.g. vegetation, groundwa-
ter ﬂows) and actual decisions about water releases. These effects are best with by more detailed studies (e.g. Kay et al.,
2009; Bosshard et al., 2013; Chen et al., 2011) that are, by deﬁnition, far more computationally demanding.
Since the aim of the current study is to provide ﬁrst-order estimates of changes to ﬂood risk, the following simple storage
model is deemed sufﬁcient:DS0 ¼ 0:116R0  77 ð1Þ
where DS0 represents the change in water level (%) as a function of annual rainfall R0 (mm). Assuming that this provides a
reasonable description of the natural (i.e. non-managed) ﬂuctuations, the storage level in any given year (S0) is simply the
previous year’s level (S1) plus this change, i.e.S0 ¼ S1 þ DS0 ð2Þ
with the proviso that S can never exceed 100% nor fall below 0%. In the ﬁrst instance, any excess can be interpreted as a man-
aged release while, in the second case, any deﬁcit can be interpreted as a managed withholding of water releases. Eqs. (1) and
(2) can be described as a red noise model, a ﬁrst order Markov process, damped persistence, or a simply a ‘‘bucket’’ model
(such as is used to estimate soil moisture at point scales). Alternatively, they can also be described as representing a type of
low pass ﬁlter for the rainfall time series.
Observed values for SEQ annual (September–August) rainfall are available for each year from 1901. Assuming full capac-
ity in 1900, we can simulate water levels from this point in time until the present (irrespective of the fact that the Dam was
not built until 1984 and did not ﬁll until several years later). The resultant time series represents a reconstruction of storage
levels (Fig. 5) that is characterized by values that lie above 90% capacity about 58% of the time. Only twice (1995 and 2007)
do they approach values as low as 40%. Fig. 6 shows a comparison of reconstructed and observed values over the recent per-
iod (1990–2012) indicating that the long-term behaviour is reasonably well reproduced while individual maxima and min-
ima tend to be underestimated – a feature common to statistically ﬁtted models.
Estimating ﬂood risk
Several approaches can be adopted for estimating ﬂood risk but for this study we begin by assuming that a risk of a seri-
ous ﬂood event exists when Dam storage levels are near capacity – say 90%. In these situations, the occurrence of an extreme
rainfall event (such as experienced in 2011) could potentially lead to the Dam ﬁlling to maximum capacity and possibly
overtopping – an event which leads to forced releases and possibly severe downstream ﬂooding. Based on the reconstructed
storage levels over the 20th century (Fig. 5) values exceeding 90% capacity occur about 58% of the time. Observations
indicate that 24-h rainfall totals in excess of about 225 mm in the vicinity of the Brisbane River are closely associated with
Fig. 5. A reconstruction of water storage levels based on observed SEQ rainfall (1901–2012) and assuming full capacity in 1900.
Fig. 6. A comparison of the reconstructed (grey) and observed (black) water storage levels over the recent period 1990–2012.
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we base ﬂood risk estimates on 24-h totals – particularly as it has been suggested that these appear to be more reliably sim-
ulated by climate models than amounts at shorter time scales (O’Gorman and Schneider, 2009). The rainfall record indicates
that 24-h rainfall totals in excess of 225 mm occur about .01% of the time or, about once every 27 years. Approximately 58%
of these occasions could be expected to be associated with a serious ﬂood event implying a return period (with the Dam in
place) of about 47 years (or roughly twice a century). The average interval between the three serious ﬂood events (1908,
1931 and 1974) prior to the Dam construction was about 28 years and indicates the magnitude of the mitigating inﬂuence
of the Dam under present day climate conditions.
It could be expected that the risk of serious ﬂooding could potentially increase if any of the following were to occur: (i) the
frequency of extreme rainfall events increased, (ii) the magnitude of extreme rainfall events increased (iii) annual rainfall
totals increased or (iv) the frequency of 90% capacity events increased. The reinforcement of changes (of either sign) could
be interpreted as indicating a deﬁnite change in ﬂood risk. A deﬁnite increase in risk, for example, would correspond to
results indicating both an increase in the magnitude of extreme rainfall events and annual rainfall totals. A deﬁnite increase
in risk would also correspond to the situation where the results indicate an increase in both the frequency of extreme rainfall
events and 90% capacity events. The distribution of deﬁnite increases versus deﬁnite decreases can provide some qualitative
evidence about a preferred outcome. We can also use the joint frequencies from each of the models to directly estimate the
change in frequency of implied ﬂood events. Again, the distribution of the implied changes can also indicate whether the
models favour one outcome or another.
Climate model results
The Coupled Model Intercomparison Project–Phase Five (CMIP5) (and its predecessor, CMIP3) represent coordinated
approaches for conducting climate change experiments involving uniform inputs (atmospheric greenhouse gas, aerosol
and ozone concentrations, etc.), standardized outputs and a systematic storage of the results (Taylor et al., 2012). CMIP5
results underpin the ﬁndings of the Intergovernmental Panel on Climate Change (IPCC) Fifth Assessment Report (AR5). Both
the CMIP3 and CMIP5 results make up a large and comprehensive data archive, including model simulations of daily rainfall
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2005) where known forcings were prescribed and (ii) the period (2006–2100) where the forcings correspond to the relatively
high-end greenhouse gas emissions scenario referred to as RCP8.5. At the time of writing, results for this experiment includ-
ing 24-h rainfall totals were available from a total of 23 models while results for annual rainfall totals were available from a
larger total of 39 models (see Appendix). Both the 24-h and annual rainfall totals were extracted for those grid points rep-
resenting the SEQ region.
The SEQ region has a total area of about 200,000 km2 which is about an order of magnitude larger than the catchment
area of the Wivenhoe Dam. In this situation, where the region of interest is only represented by a small number of model
grid squares, the use of downscaling techniques (either statistical or dynamical) can be justiﬁed since changes in rainfall
can depend on small scale features such as mountains, valleys, aspect, proximity to the coast, and land surface characteristics
(Smith et al., 2013). Rather than attempt to downscale, here we assume that any projected changes for rainfall at the large
scale provides a useful estimate of changes at the smaller catchment scale. This assumption needs to be borne in mind when
interpreting the results.
From each model and for the two periods in question we generate the distributions of raw 24-h rainfall totals. i.e. we
make no attempt to correct these data. Extreme rainfall events correspond to totals that are estimated to occur on .01%
of occasions (or once every 27 years). Changes in frequency of present-day (i.e. 1971–2000) extreme events are also esti-
mated. However, in order to generate a consistent set of rainfall results which can be used to simulate water storages, we
must correct the raw model results for annual rainfall. We take each individual model time series in turn and apply both
a bias correction and scaling factor so that the mean and interannual standard deviation over the course of the 20th century
matches that of the observations. The resultant time series therefore lead to similarly plausible time series for water storage
levels over the course of the 20th century but a range of outcomes by the end of the 21st century when the effects of the
external forcings are most apparent.Results
Rainfall projections
Table 1 summarizes projected changes (2071–2100 relative to 1971–2000) to extreme rainfall from the 23-member
ensemble. The median change in magnitude of these events is +5.2% but this number can be somewhat meaningless given
that 17 models (or 74%) indicate an increase in magnitude yet 6 (or 26%) indicate a decrease. i.e. the results favour an
increase but there is no clear cut consensus. The same lack of consensus is seen with the estimates for changes in frequency
of present day extreme events. The results for annual rainfall indicate a median change of 10% and, although a majority of
16 (or 70%) indicate a decrease, a substantial minority 7 (or 30%) indicate an increase. If we consider the results from the
larger 39-member ensemble, the median change (10%) is the same but, in percentage terms, slightly more (77%) favour
a decrease. In general, the model results reveal a tendency towards an increase in extreme rainfall events which contrasts
with a tendency towards decreased annual rainfall.Projected water storages
Fig. 7 summarizes the results for simulated water storages from the full 39-member ensemble for the full period 1861 to
2100. This shows the individual time series and the running 31-year ensemble averages and indicates that the tendencyTable 1
Projected changes (2071–2100 versus 1971–2000).
Number (%) of models indicating a decrease Number (%) of models indicating zero or an increase Median change
Extreme 24-h totals
23-member ensemble
6 (26%) 17 (74%) +5.2%
Frequency of extreme rainfall events
23-member ensemble
6 (26%) 17 (74%) +0.6%
Annual rainfall totals
23-member ensemble
16 (70%) 7 (30%) 7%
39-member ensemble
30 (77%) 9 (23%) 10%
Frequency of 90% capacity events
23-member ensemble
17 (74%) 6 (26%) 32%
39-member ensemble
30 (77%) 9 (23%) 42%
Fig. 7. Simulated water storage levels based on 39 individual CMIP5 annual rainfall time series (1861–2100, grey). The 31-year average multi-model mean
is indicated by the solid black line.
Fig. 8. The change (2071–2100 compared to 1971–2000) in the magnitude of extreme rainfall events versus the change in magnitude of annual rainfall total
from each of the 23 models.
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ber ensemble results indicate a median decrease in annual rainfall of about 7% and 10% respectively, with about 75%
favouring decreases and 25% favouring increases in both cases (Table 1). If we consider the frequency that the simulated stor-
age levels reach 90% of capacity then the 23-member ensemble indicates a decrease of about 30% while the 39-member
ensemble suggests a larger decrease of about42%. Again, in both cases about 75% favour decreases and 25% favour increases.Projected changes in ﬂood risk
Fig. 8 shows a plot of the changes in the magnitude of extreme rainfall events versus the change in magnitude of annual
rainfall totals from each of the 23 models. This indicates that 7 models indicate an increase or no change in both quantities
(implying a deﬁnite increase in risk) while 6 models can be identiﬁed which indicate a decrease or no change in both (imply-
ing a deﬁnite decrease in risk). The remaining models (10) all indicate an increase in extreme rainfall that contrasts with a
decrease in annual rainfall (implying an uncertain change in risk). If we plot the change in frequency of extreme events ver-
sus the change in frequency of 90% capacity events (Fig. 9), a similar pattern is evident. In this case ﬁve models indicate an
increase or no change in the frequency in both compared to six models indicating a decrease in both. One model indicates
zero change in both with the remainder (11) indicating an uncertain change in risk. Finally, the product of the frequency for
extreme rainfall and that for 90% capacity events from each model represents an estimate of the frequency of serious ﬂood
events implied by each model. Changes in this product provide an indication of changed risk and are displayed in Fig. 10
Fig. 9. As for Figure 8 except for change in the frequency of present day extreme rainfall events versus the change in the frequency of 90% capacity events.
Fig. 10. The change in the frequency of implied severe ﬂood events from each of the 23 models, ordered from lowest to highest values.
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compared to 9 which indicate an increase. The ensemble median and average values in this case have very little meaning
since they are of opposite sign (0.7% compared to +0.2%). In general, these results can be described as uncertain, with
no clear consensus favouring either an increase or a decrease in ﬂood risk.Sources of uncertainty
Projections of the impacts of climate change on streamﬂows (and, by implication, ﬂood risk, water storage levels, etc.) are
generally accompanied by large uncertainties. The term ‘‘cascade of uncertainty’’ (Bosshard et al., 2013) refers to the uncer-
tainties that accompany the different greenhouse gas concentrations that may occur, different responses from different cli-
mate models, differences in how climate model outputs are downscaled and, ﬁnally, different responses from different
hydrological models. In general, the uncertainty associated with climate model projections tends to dominate (Kay et al.,
2009) but, in some cases, this can sometimes depend on time of year (Bosshard et al., 2013). Table 2 provides an indication
of the potential uncertainties associated with the speciﬁc data sets and methods used to generate the ﬁndings. For example,
the use of a single, high-end, emissions scenario (RCP8.5) may be too pessimistic, in which case the ﬁnding that the majority
of models indicate an increase in extreme rainfall events may overestimate the potential change in risk. At the same time, the
majority of the models indicate a decrease in annual rainfall and the frequency of 90% capacity events. If this is also an over-
estimate then the risk may be underestimated. Therefore the net effect of using a using the results corresponding to a single
emissions scenario remains unclear.
While the ﬁndings are based on a moderately large number (23) of climate models, sampling uncertainty could be an
issue. Table 1 includes some statistics relating to the larger 39-member ensemble for which annual rainfall projections
are available which indicate a tendency towards even lower annual rainfall totals and fewer 90% capacity events. On this
basis, we can assume that the 23-member ensemble may overestimate the change in ﬂood risk. However, the larger sample
does not necessarily represent a larger independent sample since many of the additional model results are based on similar
versions of one model.
Table 2
Potential sources of uncertainty in the estimated changes to ﬂood risk.
Source of uncertainty Potential effect on
projected changes to
extreme rainfall events
Potential effect on projected
changes to the frequency of 90%
capacity events
Net potential effect on
estimates of changes to
ﬂood risk
Use of a single emissions scenario (RCP8.5) Overestimate Underestimate Unclear
Sample size of 23 Unclear Overestimate Overestimate
Coarse scale model results Possible underestimate Small Possible underestimate
Use of a simple rainfall only hydrological model Zero Overestimate Overestimate
Assumption of ﬁxed interannual variability Unclear Unclear Unclear
I. Smith, C. McAlpine / Climate Risk Management 6 (2014) 6–17 15The use of results from relatively coarse (100 km) grid squares could be a source of uncertainty. However, the ﬁnding
that extreme rainfall events are likely to increase in response to increases in greenhouse gas concentrations is a general
expectation according to a wide range of theoretical and modelling studies (Bates et al., 2008; IPCC, 2007). If anything, a
more sophisticated approach (e.g. one taking into account the detailed topography of the catchment zone) could conceivably
indicate an even greater increase in this frequency than indicated here. With regard to changes to annual rainfall, it should be
noted that the key variable of interest involves rainfall averaged across a relatively large region and across 12 months.
Whether the values from ﬁner resolution climate models of downscaling models would differ signiﬁcantly from those ana-
lysed here is unclear. Consequently, we estimate that the net effect of the coarse resolution results may be to underestimate
changes to ﬂood risk.
The use of a simple water storage model represents another source of uncertainty. In this case, the fact that it does not
account for potential increases to temperature, evaporation, and therefore runoff implies that it might overestimate future
water storage levels and therefore ﬂood risk. It is also unclear whether more detailed modelling of the relatively small scale
catchment region including month to month changes to streamﬂows would have much effect on the general outcome. The
key point here is that the uncertainty in the estimates is mainly a function of the uncertainties in the climate model results
for rainfall, and less to do with the methods used to synthesize them.
A tendency for more La Nina/El Nino-like conditions could increase/decrease affect both extreme rainfall and water stor-
age levels. Consequently, if the ensemble comprises results which favour La Nina or El Nino like conditions these will be
reﬂected in the results. However it has been noted that there is little consensus for a change in the behaviour of ENSO
and its impacts (Guilyardi et al., 2012) and this most likely contributes to the uncertainty in the rainfall projections described
here.
Quantifying the net effect of all these sources of uncertainty is well outside the scope of the present study but it may also
be the case that any attempt to better quantify ﬂood risk will be hampered by the inherently uncertain model projections for
rainfall. For example, the use of more sophisticated downscaling techniques may lead to more detailed projections, but are
unlikely to overcome the fact that the model projections encompass both increases and decreases.
Finally, there exists some uncertainty associated with the interpretation of an ensemble of model results. It is tempting to
assume that a majority or consensus concerning the change in some climatic parameter can be interpreted in terms of a like-
lihood that this change may actually occur. However, this assumes that different climate model results can be treated as
independent samples from a population of possible future outcomes. There exists a degree of commonality between many
of the models and it is likely to be misleading to assume that the existence of some consensus is any more meaningful than
the result from a single outlier. In the case of projected rainfall changes there is often little consensus as to the sign of any
change which tends to make the ensemble average or median value somewhat meaningless. While it may be possible to
point towards a tendency amongst the models to favour one type of outcome over another, it could be argued that a range
of results simply means that a range of outcomes are equally likely. Thus, when it comes to interpreting a model-based ﬂood
risk estimates it may be preferable to highlight the range rather than any consensus.Conclusions
Estimating changes to ﬂood risk based on climate model projections is inherently difﬁcult. This is again evident in this
study where we have attempted to simplify the problem based on a particular case study (the Brisbane River region of
south-east Queensland) which is characterized by (a) the existence of good quality observations of rainfall, ﬂood events
and water storage levels, (b) the existence of a moderately large number of climate model projections (CMIP5) used to
simulate the effects of increased greenhouse gas emissions and (c) the fact that it is possible to develop a simple model
which explains much of the variability in observed Wivenhoe Dam storage levels. The model-based results for changes to
both extreme rainfall events and to water storage levels for the Wivenhoe Dam have been used to estimate changes to
ﬂood risk.
The ﬁndings are that there is some consensus for an increase in the frequency of extreme rainfall events and also some
consensus for a decrease in annual rainfall and simulated water storage levels. For ﬂood-prone regions beyond the Brisbane
River where no mitigation capacity exists, the risk of serious ﬂoods may increase – simply because the models favour an
16 I. Smith, C. McAlpine / Climate Risk Management 6 (2014) 6–17increase in extreme rainfall events. For regions along the Brisbane River the future is unclear since, although storage levels
within the Dam tend to be lower as a result of changes to annual rainfall, there is little evidence for consensus concerning a
change in ﬂood risk. As has been noted previously (Kay et al., 2009), this uncertainty appears to be a function of the range of
climate model results for rainfall and not necessarily related to the methodology. Consequently, it is possible that this uncer-
tainty may be a near-constant feature of climate model results and unlikely to be reduced with more models and/or exper-
iments. Despite this limitation, the fact that water storage levels can be simulated to some degree may still allow some
important questions to be addressed. For example, what would be the effect on implied ﬂood risk if the average water level
was deliberately reduced in order to increase mitigation capacity? How much reduction would be needed to have a signif-
icant effect and would this reduction be desirable from a cost-risk perspective? These may be important questions but lie
outside the scope of the present study.
Appendix
List of CMIP5 models whose results were analysed in this study. For further details: http://cmip-pcmdi.llnl.gov/cmip5/
index.html.23-member ensemble 35-member ensemble
CMIP5 models with both annual and 24-h rainfall results CMIP5 models with annual rainfall results onlyACCESS1-0 ACCESS1-0
ACCESS1-3 ACCESS1-3
bcc-csm1-1 bcc-csm1-1-m
CanESM2 bcc-csm1-1
CCSM4 BNU-ESM
CESM1-BGC CanESM2
CMCC-CM CCSM4
CMCC-CMS CESM1-BGC
CNRM-CM5 CESM1-CAM5
CSIRO-Mk3-6-0 CMCC-CESM
EC-EARTH CMCC-CM
GFDL-CM3 CMCC-CMS
HadGEM2-CC CNRM-CM5
HadGEM2-ES CSIRO-Mk3-6-0
IPSL-CM5A-LR EC-EARTH
IPSL-CM5A-MR FGOALS-g2
MIROC5 FGOALS-s2
MIROC-ESM-CHEM FIO-ESM
MIROC-ESM GFDL-CM3
MPI-ESM-LR GFDL-ESM2G
MPI-ESM-MR GFDL-ESM2M
MRI-CGCM3 GISS-E2-H
NorESM1-M GISS-E2-RHadGEM2-AO
HadGEM2-CC
HadGEM2-ES
inmcm4
IPSL-CM5A-LR
IPSL-CM5A-MR
IPSL-CM5B-LR
MIROC5
MIROC-ESM-CHEM
MIROC-ESM
MPI-ESM-LR
MPI-ESM-MR
MRI-CGCM3
NorESM1-ME
NorESM1-M
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